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Analysis Overview
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All-Hadronic VBS VVH

* Targeting the following final states:

* \VBS H - qq bb
* VBS ZZH — qq bb
¢ VBS WZH — qg bb

* Sensitive to Covy, C3, and Cyv in principle
 BSM signature:
« W/Z/H jets with large pr

* VBS jets with large Anj, M;
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All-Hadronic VBS VVH )

* One interesting Njets VS. Nratiets Channel: q

. >3 AK8 fat jets, = 2 AK4 jets (right) @ <b%
. . 5

o 2 AK8fatjets>4-AKdets
o 2 AK8fatjets;3-AK4ets 9

q
* From previous studies, Nratiets < 3 channels not @
worthwhile pursuing right now
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Skim + Tri + |
= | riggers at Jet Region
Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 1.3K 53K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K /0K 22K 1.1K 41K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 9.8K 1.4K 110 46 874 13K 421K 100% 32 81%
Object Skim Selection Year HLT path
HLT PFHT800
Leptons . HLT_PFHT900
== 0 veto HLT AKS8PFHT650 TrimROp1PTOpO3Mass50
(b, e) HLT _AK8PFHT700 TrimROplPTOpO3Mass50
2016 HLT AKS8PFJet450
HLT AK8PFJet360 TrimMass30
: HLT AK8DiPFJet280 200 TrimMass30
> 2 AKS jets w/ pt > 300 GeV HLT _AK8DiPFJet280 200 TrimMass30 BTagCSV_p20
AND |n| < 2.5 HLT_PFHT1050
Fat Jets AND mass > 50 GeV TR S00_Trimiass,0
AND Msp > 40 GeV 2017 HLT_PFJet500
. HLT _AK8PFJet320
AND fat jet ID > 0 HLT_AK8PFJet500
HLT AK8PFJet400 TrimMass30
HLT AK8PFJet420 TrimMass30
. HLT PFHT1050
> 2 AK4 jets w/ pT > 20 GeV HLT AKS8PFHT800 TrimMass50
- - HLT _PFJet500
Jets AND pagses tlg.ht jet ID 2018 T ARl eEae
AND AR(jet, fat jet) > 0.8 HLT_AK8PFJet400 TrimMass30
HLT AK8PFJet420 TrimMass30

*Using the ttH lepton ID

Taken from B2G-21-003
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https://cds.cern.ch/record/2790886?ln=en
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Object Selection

Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 53K 1,513K  139,464K — 175 —
HLT + MET Filters 88,702K 575K 70K 2.2K 41K 1,120K 90,512K  35% 168 4%
At least 3 fat jets 395K 9.8K 1.4K 110 874 13K 421K 100% 32 81%
Object selection 158K 6.2K 855 59 478 5.1K 171K 59% 18 44%
Object Selections
. Same as skim
AKS jets 9
max(pt) > 550 GeV (HLT plateau)
H—-bb fat jet Has max(ParticleNet Xbb)
| Not the H—bb candidate b
fat jets . T Y A W
Leading and next-leading in pr 5
AK4 jets Same as skim
pT > 30 GeV
VBS (AK4) jets For > 2 candidates:

* Take pair with maximum [An|
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Object Selection

Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 1.3K 53K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K /0K 22K 1.1K 41K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 9.8K 1.4K 110 46 874 13K 421K 100% 32 81%
Object selection 158K 6.2K 855 59 30 478 5.1K 171K 59% 18 44%

* Next: plot data/MC here and check for agreement

 QCD is messy, so we expect some corrections will be needed

e Safe to unblind since signal is so small
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PNet X — bb(H — bb)

ParticleNet scores are not at all well modeled!
Needs some kind of correction: focus on QCD since it is the largest
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Data vs. MC: ParticleNet Scores
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QC D CO rreCtiOnS PTlow < PT < PT,high

ParticleNet scores are not well modeled by MC

The ParticleNet XYZ* score for a given fat jet should be
fundamentally described by a probability distribution function

ParticleNet XYZ score

CMS Preliminary 138 fb~' (13 TeV)

| l
e 5000 ¢ <pr <600.0 GeV + AllMer erge d[9943 78e ]

4+  SemiMer gd[20121253 eeeeee ]

data - (non-QCD MC)

10~} —
- . .

We can approximate this PDF by

a.u.

* Plotting the ParticleNet XYZ score In data for every fat jet
in a histogram (really several: e.g. one per pt bin)

 Normalizing that histogram to unity .

The PDF should be the same for fat jets in the 3 fat jet e — -
channel (main) vs. 2 fat jet channel v P — —
Goal: replace MC ParticleNet scores in 3 fat jet channel with & /[t
those sampled from the 2-fat jet PDF (from data) bo oz e e 08 19

"XYZ = Xbb, XWqq, etc. UC San DngO
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QCD Corrections

* All plots can be found here

* ParticleNet scores are replaced as follows (pseudocode):

for fatjet in fatjets:

pt = fatjet.pt()
xbb = xbb_pdf2D.ProjectionY(pt).GetRandom()
xwgq = Xwqq_pdf3D.ProjectionZ(pt, xbb).GetRandom()

fatjet.xbb = xbb
fatjet.xwqg = xwqq

* The “projection” methods are pseudocode shorthand for getting a slice of an N-
dimensional histogram along only one axis in one bin of the others

« XWQqq PDF is binned in pr and Xbb score because H—bb candidate is selected by
max(Xbb) before the V—qqg candidates are selected

, UC San Diego



http://uaf-10.t2.ucsd.edu/~jguiang/vbsvvhjets_plots/qcdcorr_xbbbins/

= QCD Corrections: Before
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ParticleNet scores are not at all well modeled!
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Not perfect, but shapes agree within 20% — ParticleNet scores are now usable!
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Other variable shapes look fine (more plots here)
Finally: rescale QCD integral to data - 2(non-QCD MC)

UC San Diego
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http://uaf-10.t2.ucsd.edu/~jguiang/vbsvvhjets_plots/pnetfix/val/
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Cut

Preselection

QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 1.3K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K /0K 22K 1.1K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 9.8K 1.4K 110 46 13K 421K 100% 32 81%
Object selection 158K 6.2K 855 59 30 5.1K 171K 59% 18 44%
Preselection 12K 1.5K 179 25 9 360 14K 92% 12 34%

 Now that data/MC is better, we can trust MC shape more than before

 Make loose selection on ParticleNet scores to walk us slightly closer to a SR

» Xbb(H—bb) > 0.5 and XWqgq(ld V—qgq) > 0.3 and XWqq(tr V—qqg) > 0.3

* Recall: we rescale QCD integral to data - 2(hon-QCD MC)

* Next: plot important variables sig. vs. bkg. on next slides

14
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Characteristically large An; and M;; for signal (Cay = 2)
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CMS Simulation Preliminary 138 fo=! (13 TeV)
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Mpnet = ParticleNet regressed mass Spike at 500 GeV due to HLT threshold cut

Higgs peak in regressed mass + large pt for signal (C2V = 2)
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W/Z peak in regressed mass + large pt for signal (C2V = 2)
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V—qq Variables (Preselection)

CMS Simulation Preliminary 138 fo=! (13 TeV)
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Trailing (tr) in pT = no spike at 500 GeV from cut
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W/Z peak in regressed mass + large pt for signal (C2V = 2)
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CMS Simulation Preliminary 138 fo=! (13 TeV)
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tt+12[178.9 events]
5 B Bosons [359.7 events]
1500 B tt + jets [1455.8 events] B
QCD [12155.0 events]
i Total background [14345.0 eventg]|
1250 1 Total signal (x1000) [11708.1 evehts] —
i Background unc. [stat] |
1000~ Hjﬁ .
750 — 7 7 _
5001~ . :
250 - H = .
0 i | | _ j_%lr—"ll_"‘;l———cf ]
1000 1500 2000 2500 3000
St [GeV:

St = pr(H—bb) + pr(ld V—qq) + pr(tr V—qq)
Expectedly large St for signal (C2V = 2)
UC San Diego
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BDT-based Signal Region

Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 1.3K 53K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K /0K 22K 1.1K 41K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 0.8K 1.4K 110 46 874 13K 421K 100% 32 81%
Object selection 158K 6.2K 855 59 30 478 5.1K 171K 59% 18 44%
Preselection 12K 1.5K 179 25 9 161 360 14K 92% 12 34%
. . I . . . . . . . . f _1 T V
« Train a simple BDT to get a “ceiling” for analysis sensitivity 310?""33””’3”"”’3 relminary 1A 2=
6 |
» Use the following inputs: 5 |
s 0.8 _
> |
* H—Dbb fat jet p4 (p1, N, $), Mpnet ool | :
| |
* V—qq fat jet p4 (pt, N, $), Mpnet ;
 VVH system pr 02 :
: — test set (AUC = 0.96) |
« BDT hyperparameters tabulated in backup oo~ Tanset(AUC-097) -
0.0 0.2 0.4 0.6 0.8 1.0

background efficiency

. UCSan Diego
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BDT-based Signal Region

Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 2.6K 53K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K 2.2K 41K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 9.8K 874 421K 100% 32 81%
Object selection 158K 6.2K 478 5.1K 171K 59% 18 44%
Preselection 161 14K 92% 12 34%
- . imulation Prelimi 138 fb~1 (13 TeV
» Brute-force scan over the following cuts: g 1o S Simulation Preliminary 138™” (13 TeV)
:15, Total background [14345.0 events] -
2 [1 Total signal [11.7 events] :
® B DT score 108k Background unc. [stat] |
102 E

» ParticleNet scores (Xbb, XWqaq)

* Mj

* |Anj]

* Optimize for S/{/B as a significance heuristic

10—2_ L ] ] | L | | | ] | | | | ] | | | | |
0.0 0.2 0.4 0.6 0.8 1.0

BDT Score
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BDT-based Signal Region

Cut QCD tt+jets tt+12 tt+W tt+H Singletop Bosons Total Bkg. Eff. VBSVVH (Cav = 2) Eff.
Skim 137,061K 748K 86K 2.6K 1.3K 53K 1,513K 139,464K — 175 —
HLT + MET Filters 88,702K 575K 70K 2.2K 1.1K 41K 1,120K 90,512K 35% 168 4%
At least 3 fat jets 395K 9.8K 1.4K 110 46 874 13K 421K 100% 32 81%
Object selection 158K 6.2K 855 59 30 478 5.1K 171K 59% 18 44%
Preselection 12K 1.5K 179 25 9 161 360 14K 92% 12 34%
Signal Region 0.14 0.37 0.04 -0.02 0.00 0.08 0.18 0.81 100% 5 57%

» Settled on the following signal region:
BDT > 0.9 and Xbb > 0.5 and XWqq > 0.82|0.66 (Id|tr) and |An;| > 4 and M;; > 600 GeV

* Therefore the “ceiling” is high:| 5 signal vs. 1 background for Caoy = 2

* Next step: background extrapolation
 We would like it to be data-driven, as we do not trust QCD

* Spoiler: ABCD does not work with the BDT, so we pivot to a novel technique

y UC San Diego
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s, _ : : NOT USED
= ABCD: BDT Signal Region
Xbb > 0.50 and XWqq > 0.82|0.66 (Id|tr)
Selection Region Bkg Bkg err Sig Sigerr Data Dataerr
An;| > 4 and M;; > 600 GeV and BDT > 0.9 A 0.81 0.28 5.05 0.06 — —
An;| < 4 and M; < 600 GeV and BDT > 0.9 B 20.87 2.62 1.03 0.03 25 5.00
An;| > 4 and M; > 600 GeV and BDT < 0.8 C 175.92 20.87 1.15 003 172  13.11
Anj| < 4 and M;; < 600 GeV and BDT < 0.9 D 1069.99  44.43 0.32 0.02 1190 34.50
Very performant SR, but terrible MC closure
VBS Amvc = BmeXCwme/Dve = 3.43 + 0.61
) Final Result
pass C A S PR D PR V% N
syst — _ — — — .U70 _
Anc 081 Expected sig. 5.05 +0.06
fail B 1 1 1 Predicted bkg.3.61+£0.78 + 11.7
Cstar = + + = 21.6%
B data Cdata D data stat. SyS L.

0.9 BDT

Terrible closure = BDT & VBS correlated or poor MC composition modeling?

5 UC San Diego




BDT

Xbb > 0.50 and Xqu > 0_82|0_66 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 081 028 505 006 —  — C 3.43 + 0.61 (MC)
B 2087 262 1.03 0.03 25 5.00 Apred —Bx— =
C 175.92 20.87 1.15 0.03 172 13.11 D 3.61 +0.78 (Data)
D 1070.0 44.43 0.32 0.02 1190 34.50

C C A Region Bkg Bkgerr Sig Sig err Data Data err
2 1 Bi  12.42 1.85 059 0.02 16  4.00 D-

B 844 186 044 002 9 3.0 B?red = Bo X5 = 14.24 + 5.34 (Data) v

Di 9331 12.75 0.15 0.01 87 9.33 2
D, 4338 416 009 001 55 7.42

Region Bkg Bkgerr Sig Sig err Data Data err

D3 D1 B1 D; 9331 12.75 0.15 0.01 87 9.33 red D3
Do 43.38 4.16 0.09 0.01 55 7.42 Dﬁ) = D2 X D— = 89.46 = 13.3 (Data) v
Ds 604.79 3456 0.04 0.01 649 2548 4
Ds 32851 24.49 0.03 0.00 399 19.97
D4 D> B-
Region Bkg Bkgerr Sig Sig err Data Data err
C: 19.72 7.16 1.01 0.03 19 4.36 q CZ
re
0.3 0.9 D: 9331 1275 015 001 87 9.33 CE]) =Dy X == = 20.51 + 2.87 (Data) v
: : C. 156.20 19.61 0.13 0.01 153 12.37 D3
BDT Ds 604.79 3456 0.04 0.01 649 2548

ABCD works well in data (in sidebands), but predicted S/{/B is not good
Studied for some time, then pivoted to “Automated ABCD” (hext slides) .
UC San Diego
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KASIECZKA, NACHMAN, SCHWARTZ, and SHIH

PHYS. REV. D 103, 035021 (2021)

Automated ABCD =

* Need the following:

J o—

* Performant signal region A

 Uncorrelated “arms” f and g to perform bkg. extrapolation

C

* Previously using BDT as f, VBS cuts as g, but these become correlated closer to SR

* Enter: automated ABCD via ML (10.1103/PhysRevD.103.035021)

* Train a deep neural network to serve as f and/or g

e Add a decorrelation to the loss function that trains the network to be decorrelated

from another variable

* |n these slides: show successful application of this technique for our analysis

26
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Automated ABCD

* |ntroduce Distance Correlation
* DisCo for catchy titles, dCorr for math
* dCorr(f, g) = 0 iff f and g are independent
o dCorr(f, g) € (0O, 1] otherwise

* Claim high performance/easy to train vs.
other decorrelation metrics

 Added to some typical loss (assume BCE)

 Hyperparameter A controls relative size of
DisCo term vs. BCE
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Automating the ABCD method with machine learning

Gregor Kasieczka,"" Benjamin Nachman ,~" Matthew D. Schwartz,™* and David Shih**>*

'nstitut fiir Experimentalphysik, Universitit Hamburg, Luruper Chaussee 149,
D-22761 Hamburg, Germany
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3Departm.ent of Physics, Harvard University, Cambridge, Massachusetts 02138, USA
‘NHETC, Department of Physics and Astronomy, Rutgers University, Piscataway, New Jersey 08854, USA
5Berkeley Center for Theoretical Physics, University of California, Berkeley, California 94720, USA

™ (Received 6 August 2020; accepted 3 February 2021; published 22 February 2021)
L e ——— mameaea

‘C[f(X)] = ‘Cclassiﬁer[f(X)’y] —I—ﬂdCOI’I‘%‘:O[f(X),XO], (31)
LIf, 9 = Laassitier.f (X), Y] + Letassifier 9(X), Y]
+ AdCorr}_[f(X), g(X)], (3.2)

B ey

APPENDIX A: DISTANCE CORRELATION

For two random variables f and g, the distance covari-
ance 1s defined as

dCov?[f,g) = (If = f'| x lg = d)
+{f =) x{lg=4d1)
-2(lf = fIxlg=d"]), (A1)

where (f,9), (f,d), (f",d’) are all independent and
identically distributed from the same joint distribution. In
practice, we evaluate dCov>[f, g| by averaging |f; — f|x
\9: — 95|, |fi — f;l|, and |g; — g;| over all pairs of events i, j,
and |f; — f;| X |g; — gx| over all triplets of events i, j, k.

The distance correlation 1s then defined analogously to
the usual correlation:

B dCov?[f, d]
dCorr*(f, g] = dCov|f, f]dCovig, g] (A2)
B e aemmae o
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Automated ABCD

* Single DisCo: train DNN to be decorrelated
with some other variable Xo

 i.e. DNNis f (we call it ABCDNet), Xois @

* Double DisCo: train two DNNSs to be
decorrelated with eachother

* l.e. DNN1isf, DNN2is g
* Authors show three example applications:
* 3D gaussians (reproduced in backup)
* Top tagging
 ATLAS SUSY analysis
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Automating the ABCD method with machine learning

Gregor Kasieczka,”” Benjamin Nachman®,>’ Matthew D. Schwartz,>® and David Shih®*>*
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2Physics Division, Lawrence Berkeley National Laboratory, Berkeley, California 94720, USA
3'Department of Physics, Harvard University, Cambridge, Massachusetts 02138, USA
‘NHETC, Department of Physics and Astronomy, Rutgers University, Piscataway, New Jersey 08854, USA
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® (Received 6 August 2020; accepted 3 February 2021; published 22 February 2021)

‘C[f(X)] :[’classiﬁer[f(X)’y] —I—ﬂdCOI’I‘%‘:O[f(X),XO], (31)

e SeedtastetmmEpmOnTT

L(f, 9] = Leassifier f (X)» ¥] + Letassifier 9(X), Y]

+ AdCorr}_[f(X), g(X)], (3.2)
e — maeaa
KASIECZKA, NACHMAN, SCHWARTZ, and SHIH PHYS. REV. D 103, 035021 (2021)
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

P = Lyep(AX),y)+30 x dCorr,_o(AX), | A |)

Borrow ABCDNet architecture from PRL flot = Coce TAICOT" o fsee o AdCo
SUSY example . | . . . — 1ol / :
* 3 hidden layers (64 nodes each) =8/
G 0.6 ;'
nput features: S T cmnauc-ne
' CCJ\ I * 5 sig (54.45 bkg)
. . L. L N l v 45sig (26.13 bkg)
* H—Dbb fat jet p4 (i.e. p1, N, ®), MpPNet s To2f, A 3sig (14.67 bkg)
0.2 LA RORFTERAEL P | S A e Al ® 2 sig (5.38 bkg)
0ol | | e | 0.0l 1 sig (2.65 bkg) |
— ' ' 0 200 400 600 800 1000 0.00 025 050 0.75 1.00
* Vv Q9 fat Jet p4 (I'e' PT, N, q))’ MPNet Epoch Background efficiency

Tried a number of A values:
* M;j A > 30 destabilizes training (fails to converge)
A < 30 misses decorrelation (poor ABCD closure)

pT — In(pT), others — (x - min)/(max - min)

UC San Diego
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

P = Lyep(AX),y)+30 x dCorr,_o(AX), | A |)

Perform brute-force scan over cuts on: CMS Simulation Preliminary 138 fo~' (13 TeV)
"2 I | | | {f+ H[9.3 eventsl] | ]
* ABCDNet score & o = vty

tt+1¢[178.9 events]
Bl Bosons [359.7 events]

» ParticleNet scores (Xbb, XWqQq) 10°F frjet 1455, events E

- CD [12155.0 events n

I | ] ?otal Ljackground [121;45.0 events] |

. AN ot | R

First, optimize for S/,/B 10 -

Finally, select slightly looser SR so there are 100;— .
sufficient stats in Region B of ABCD :

1077 E

107 O!O - O.ZJ — 0!4 - O.LG - 0.|8 - 1.0

ABCDNet score

UC San Diego




stat. syst.

= : A =30 DisCo (L Rel U
ABCDNet: A = 1ISCo (Lea e
Xbb > 0.60 and XWqq > 0.75|0.70 (Id|tr)
Selection Region Bkg Bkg err Sig Sigerr Data Dataerr
Anjjl > 4 and ABCDNet > 0.97 A 1.82 0.57 3.48 0.05 — —
Anji| <= 4 and ABCDNet > 0.97 B 5.70 1.25 0.47 0.02 5 2.24
Anjij| > 4 and ABCDNet < 0.97 C 292.52 25.89 3.05 0.05 281 16.76
Anjj| <= 4 and ABCDNet < 0.97 D 1011.83 41.07 0.65 0.02 1200 34.64
Fairly performant SR, and closure is within 1o
|An;| Avc = BmcXCmce/Dvme = 1.65 +0.40
y Final Resulit
C A L 1_A}\ZC _|{_1s5 _ 9.4
syst — — I -
4 Auc 182 Expected sig. 3.48 £ 0.05
B 1 1 1 Predicted bkg.1.17 £ 0.53+0.11
Estar = + = 45.2%
B data Cdata D data
0.97
ABCDNet

Predicted significance (S/{B) and syst. error improved over previous results
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and Xqu > 0_75|0_7O (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 1.82 057 348 0.05 — — C 1.65 + 0.40 (I\/IC)
B 570 125 047 0.02 5 2.24 Apred —Bx— =
C 29252 2589 3.05 0.05 281 16.76 D 1.17 + 0.53 (Data)
D 1011.83 41.07 0.65 0.02 1200 34.64

Region Bkg Bkgerr Sig Sig err Data Data err

Di 4949 481 021 001 53 7.28 red Dq
Do 6569 977 028 001 49 7.00 Dﬁ) =Do X— = 44.41 + 6.89 (Data) v
Ds 424.46 2831 0.07 0.01 522 2285 Dy

Ds 47219 27.68 0.09 0.01 576 24.00

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 2779 347 261 004 29 539 3 Cy
Di 4949 481 021 001 53 728 (PO _p. "< _
0.5 0.97 Co 26473 2566 045 0.02 252 1587 1 1 D 25.59 £ 4.03 (Data) v

3
ABCDNet Ds 424.46 2831 0.07 0.01 522 2285

ABCD works well with data in sidebands = method is valid!

. UC San Diego




ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and Xqu > 0_75|0_7O (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 182 057 348 005 —  — 1.65 + 0.40 (MC)
pred C
B 570 125 047 0.02 5 224 A —Bx— =
C 29252 2589 3.05 0.05 281 16.76 D 1.17 + 0.53 (Data)
D 1011.83 41.07 0.65 0.02 1200 34.64

Region Bkg Bkgerr Sig Sig err Data Data err

D 3557 3.89 020 001 38 6.16 red D3
D 56.41 958 026 0.01 38 6.16 Dﬁ) = D2 X—=34.76 £ 6.01 (Data) v
Ds 438.38 2845 0.08 0.01 537 23.17 Dy

Ds 48147 27./5 011 0.01 587 24.23

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 1976 2.88 247 004 21 458 3 Co
D: 3557 389 020 001 38 616 (PCU_p. "< _
0.6 0.97 Co 27276 2573 058 002 260 16.12 1 17D 18.40 £ 3.29 (Data) v

3
ABCDNet D; 438.38 28.45 0.08 0.01 537 23.17

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and Xqu > 0_75|0_7O (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 182 057 348 005 —  — 1.65 + 0.40 (MC)
pred C
B 570 125 047 0.02 5 224 A —Bx— =
C 29252 2589 3.05 0.05 281 16.76 D 1.17 + 0.53 (Data)
D 1011.83 41.07 0.65 0.02 1200 34.64

Region Bkg Bkgerr Sig Sig err Data Data err
D+ 28.88 3.52 0.18 0.01 29 5.39 D
pred _ 3
D. 3867 7.42 023 001 27 520 D 1 = Do X— = 24.65 + 4.96 (Data) v
Ds 445.08 28.50 0.10 0.01 546 23.37 D4
Ds 499.21 28.40 0.14 0.01 598 24.45

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 1465 237 228 004 14 3.74 3 Co
D: 2888 352 018 001 29 539 (P€O_p. "2 _
0.7 0.97 Co 277.86 2578 0.78 002 267 1634 | 1 D3 14.18 = 2.84 (Data) v

ABCDNet D; 445.08 2850 0.10 0.01 546 23.37

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and Xqu > 0_75|0_7O (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 1.82 057 3.48 0.05 — — g C 1.65 + 0.40 (|\/|C)
B 570 125 047 0.02 5 2.24 Apre —Bx— =
C 29252 2589 3.05 0.05 281 16.76 D 1.17 =+ 0.53 (Data)
D 1011.8 41.07 0.65 0.02 1200 34.64 v
Region Bkg Bkgerr Sig Sig err Data Data err
C2 C1 A A 182 057 348 0.05 — —
' ' ' ' C 1.37 £ 0.37 (MC
B 570 125 047 002 5 224 Apred — B x 1 (MC)
D
Ci 2779 347 261 004 29 539 1 1.42 + 0.70 (Data)
D: 1152 10.89 0.49 0.02 102 10.10
Region Bkg Bkgerr Sig Sig err Data Data err
Ci 27.79 3.47 261 0.04 29 539 q CZ
re
0.5 0.97 D: 11518 10.89 049 0.02 102 10.10 CE]) =Dy X—= = 23.41 + 2.84 (Data) v
: : C. 264.73 25.66 0.45 002 252 15.87 D3

ABCDNet D 896.65 39.60 0.16 0.01 1098 33.14

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and XWqq > 0.75|0.70 (Id|tr)

Region Bkg Bkgerr Sig Sig err Data Data err

and ABCDNet < 0.97

A 166 088 053
B 574 135 0.9
IE G’ 290.86 25.88 2.52
— D' 10061 41.04 0.56

Z

O

Im

O

00

.

<

O

Im

O

0.95 0.97

ABCDNet

0.04 280 16.73
0.02 1196 34.58

* Blind ABCDNet SR cut

2.00 Apred —Bx— =

10 c | 1.66 £0.42 (MC)
0.94 = 0.47 (Data)

 Perform ABCD (here: AB’C’D’) to predict number of
background in a “near-SR” part of the C+D sideband

e (Closer to “real-life” closure test in data

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.60 and XWqq > 0.75|0.70 (Id|tr)

and ABCDNet < 0.97 Region Bkg Bkgerr Sig Sig err Data Data err
A 696 166 173 004 7 265 g C 8.03 + 1.27 (|\/|C)
B 2766 338 030 0.02 23 4.80 Apre —Bx— =
IE C’ 28555 25.84 1.32 0.03 274 16.55 535 +1.17 (Data)
— D’ 9842 4093 0.35 0.02 1177 34.31
Z [
rUrl  Blind ABCDNet SR cut
U J ) J J .
 Perform ABCD (here: AB’C’D’) to predict number of
s, background in a “near-SR” part of the C+D sideband
.
%  Closer to “real-life” closure test in data
m 14 J) . .
O * Loosen “near-SR” for more statistics
0.85 0.97
ABCDNet

ABCD works well with data in sidebands = method is valid!

UC San Diego
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Summary

* We apply a correction to the QCD MC so it better resembles data
 The A = 30 Single DisCo model seems to work well
 MC closure is acceptable + good data closure in sidebands
* This method seems usable
 Next steps:
 More supporting material/studies to support the bkg. extrapolation method?
« Scale factors (ParticleNet, Pileup ID, ...) and signal systematics

* Final limit

UC San Diego
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Nfatjets
* Plotting sum of all VBS VVH signals here

* Selections applied: skim, HLT triggers,
gen-level H, W, Z decay hadronically

* Practically O events with more than three
fatjets

40

Events

101

10°

10~

1072

CMS Simulation Preliminary 138 fb™! (13 TeV)
—T T T T T T T T T ]

| I | | | I -

8 10
Nfatjets

UC San Diego




Cutflow

QCD TTHad TT1L TTW TTH SingleTop Bosons TotalBkg VBSVVH
cut raw wgt raw wgt raw wgt raw wgt raw wgt raw wgt raw wgt raw wgt raw wgt
Bookkeeping 23348898 | 137060539.91 | 11563843 | 748039.60 | 1952781 | 85549.20 (291342 [ 2574.92 | 1457254 |1341.75| 801492 |53435.60|18001906|1512567.11 57417516 |139464048.10| 323711 [175.15
SaveSystWeights 23348898 | 137060539.91 | 11563843 | 748039.60 | 1952781 | 85549.20 (291342 [ 2574.92 | 1457254 |1341.75| 801492 |53435.60|18001906|1512567.11 57417516 |139464048.10| 323711 [175.15
PassesEventFilters 23228634 | 136865407.91 | 11539080 | 746478.00 | 1946259 | 85267.20 | 290178 | 2566.97 | 1452921 |1337.93| 799328 |53280.13|17946508 | 1508632.44 |57202908 | 139262970.58 | 320310 [173.33
PassesTriggers 19971141 | 88702387.12 | 8948283 |574638.30 (1610549 | 70244.26 | 261105 |2236.23 | 1270751 |1142.71| 620348 [41251.69|15012150|1120027.71 47694327 | 90511928.03 | 314509 |168.32
SelectLeptons 19971141 | 88702387.12 | 8948283 |574638.30 (1610549 | 70244.26 | 261105 |2236.23 | 1270751 |1142.71| 620348 [41251.69|15012150|1120027.71 47694327 | 90511928.03 | 314509 |[168.32
NoLeptons 19971141 | 88702387.12 | 8948283 |574638.30 (1610549 | 70244.26 | 261105 |2236.23 | 1270751 |1142.71| 620348 [41251.69|15012150|1120027.71 47694327 | 90511928.03 | 314509 |168.32
SelectFatJets 19971141 | 88702387.12 | 8948283 |574638.30 (1610549 | 70244.26 | 261105 |2236.23 | 1270751 |1142.71| 620348 [41251.69(15012150|1120027.71 47694327 | 90511928.03 | 314509 |[168.32
TriggerPlateauCuts 11032313 | 17507476.58 | 2402330 | 151403.21 | 577399 [24859.33|117668 | 951.51 | 477636 | 414.98 | 178184 [12210.73| 4786171 | 331011.06 [19571701 | 18028327.40 | 240732 |129.81
Geq3FatJets 625880 395252.58 147659 | 9753.17 | 30742 | 1372.63 | 18012 | 110.44 | 50985 | 45.99 9319 873.52 | 211979 | 13105.95 | 1094576 | 420514.28 58085 | 31.64
AllMerged_ReplacePNetsQCD 625880 395252.58 147659 | 9753.17 | 30742 | 1372.63 | 18012 | 110.44 | 50985 | 45.99 9319 873.52 | 211979 | 13105.95 | 1094576 | 420514.28 58085 | 31.64
AllMerged_SelectVVHFatJets 625880 395252.58 147659 | 9753.17 | 30742 | 1372.63 | 18012 | 110.44 | 50985 | 45.99 9319 873.52 | 211979 | 13105.95 | 1094576 | 420514.28 58085 | 31.64
AllMerged_SetPtSortedFatJetVariables| 625880 395252.58 147659 | 9753.17 | 30742 | 1372.63 | 18012 | 110.44 | 50985 | 45.99 9319 873.52 | 211979 | 13105.95 | 1094576 | 420514.28 58085 | 31.64
AllMerged_SelectJets 625880 393124.82 147659 | 9689.05 | 30742 | 1363.65 | 18012 | 109.84 | 50985 | 45.68 9319 868.00 | 211979 | 13042.54 | 1094576 | 418243.58 58085 | 31.24
AllMerged_SelectVBSJets 300296 158240.71 94313 6171.85 | 19389 | 854.93 | 11634 | 58.85 | 32458 | 30.18 5298 477.98 85560 5146.20 548948 170980.70 32951 | 17.71
AllMerged_SaveVariables 300296 158240.71 94313 6171.85 | 19389 | 854.93 | 11634 | 58.85 | 32458 | 30.18 5298 477.98 85560 5146.20 548948 170980.70 32951 | 17.71
AllMerged_M;jjGt500 81337 36481.09 23578 1512.52 5146 223.48 | 2229 | 13.20 7651 7.00 1675 150.36 19854 1179.31 141470 39566.96 27420 | 14.71
AllMerged_detajjGt3 63871 31003.64 19862 1269.03 4331 187.52 | 1882 | 10.62 6538 5.94 1413 126.67 16215 959.46 114112 33562.87 27201 | 14.59
AllMerged_XbbGt0p9 3698 1872.43 6683 427.79 1700 73.28 688 3.72 3624 2.75 449 44.77 2074 83.07 18916 2507.80 18272 | 9.56
AllMerged_XVqqGtOp9 12 8.13 59 3.78 7 0.33 65 0.28 80 0.07 12 1.70 75 0.93 310 15.20 5717 3.09
AllMerged_STGt1300 12 8.13 54 3.45 6 0.28 61 0.27 71 0.06 12 1.70 74 0.86 290 14.75 5677 3.06
AllMerged_HbbMSDLt150 6.89 26 1.61 5 0.24 38 0.24 49 0.03 7 1.05 66 0.56 199 10.63 5567 3.01
AllMerged_VqqMSDLt120 5.56 13 0.71 2 0.08 19 0.04 13 0.01 3 0.47 44 0.30 97 7.18 5170 2.83
UCSanDi
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*From: https://xgboost.readthedocs.io/en/stable/parameter.html

Parameter Value Description*

Ild vqggofatjet mass tr vqgfatjet mass hbbfatjet mass ld vgafatjet pt ) — ) —
] o 1IN E T Learning objective; ‘binary:logistic’
i 1 N - g | 3 E : : : ... specifies logistic regression for
E E ; | 1 E o g objective binary:logistic binary classification, output
- E i _‘ - g s . probability
i i i | * : ot 3 0.1 Step size shrinkage (alias:

- - : 5 - : learning_rate)
] ; ! ) ] ; ] _ nax_depth 3 Max. depth of tree: larger = more
; : ; ; : : - complex = more prone to overfitting
AT e . EE e ae—r—— W T |||||| Verbos'ity 1 O(Sllent),1(Warnlng),2(|nf0),3
0 50 100 150 200 250 0 50 100 150 200 250 0 50 100 150 200 250 500 1000 1500 2000 2500 3000 (d ebu g)
__ trvogfatietpt _ hbbfatietpt o VVHpt nthread 8 Number of parallel threads
k 3 i 5 1 — Slgnal eval metric auc Evaluation metrics for validation
] : E i — data. 'auc' = Area Under the Curve
: — = background . "
. Subsample ratio of the training
E ] subsample 0.6 .
E Instances
E £ alpha 8.0 L1 regularization term on weights:
] - Larger = more conservative
E ; - Min. loss rediction to make leaf
gamma 2.0 . : .
. ] (alias: min_split_loss)
T 500 1000 1500 2000 2500 3000 ~ 500 1000 1500 2000 2500 3000 o .
Lambda 10 L2 regularization term on weights:
Larger = more conservative
. . ) . . - - : : : Minimum sum of instance weight
hil h : : . .
USI”g matPIOtIIb S Welrd aUtomatIC blnnlng min_child_weight 1.0 (hessian) needed in a child
for visualization purposes onl colsample_bytree I ehonnii il
when constructing each tree
Control the balance of positive and
scale _pos weight 2456.3 negative weights, useful for

unbalanced classes

UC San Diego



https://xgboost.readthedocs.io/en/stable/parameter.html

Sanity Check

* Goal: repeat the first example in the PRL
paper (3D gaussian variables)

* (1) and (2) define the 3D gaussians
* (3) and (4) give the rest:
* |nput: X1, X2 (DisCo target: Xo)
NN architecture: 3 hidden layers; 128
nodes per layer; ReLU between layers;
sigmoid output

 A=1000, Adam optimizer
 2M sig, 2M bkg (batch size = 40K)

43

KASIECZKA, NACHMAN, SCHWARTZ, and SHIH

PHYS. REV. D 103, 035021 (2021)

IV. APPLICATIONS

This section explores the efficacy of single and double
DisCo in some applications of the ABCD method.

A. Simple example: Three-dimensional Gaussian
random variables

We begin with a simple example to build some intuition
and validate our methods. Consider a three-dimensional
space (X, X;,X,), where the signal and background are
both multivariate Gaussian distributions. We choose the
means y and a covariance matrix X for background and
signal as

i, = (2.5,2.5,2),

So for the background, all three features are centered at the
origin and features X, and X are correlated with each other
but independent of X,. For the signal, all three features are
independent but are centered away from the origin. The
first feature X, will play the role of the known feature for
single DisCo in Sec. III.

All of the neural networks presented in this section use
three hidden layers with 128 nodes per layer. The rectified
linear unit (ReLU) activation function is used for the
intermediate layers and the output is a sigmoid function.
A hyperparameter of A = 1000 is used for both single and
double DisCo to ensure total decorrelation. The single
D1sCo training converged atter 100 epochs while the
double DisCo training required 200 epochs. Other net-
works only needed ten epochs. The double DisCo networks

a_single peural network with a two-

All models were trained using
Tensorflow [89] through Keras [90] with Adam [91] for
optimization. Two million examples were generated with

15% used for testing. A batch size of 1% of the total was
used for all networks to ensure an accurate calculation of
the DisCo term in the relevant loss functions.

We first consider two classifiers: a baseline classifier
fBL(X1,X,) trained only on X; and X, and a single DisCo
classifier fsp(X1,X,) which includes a penalty for corre-
lations between fsp and X,. The values of these classifiers
for events drawn from the distributions are plotted in Fig. 3
against the X, X;, or X, values of these events. We see that
even though X, was not used in the training of the baseline,
the classifier output is still correlated with X, because of the

e —

correlations between X, and X;. In contrast to the baseline
classifier, the single DisCo classifier is independent of both
X and X, and is simply a function of X,. Intuitively, it
makes sense that a classifier that must be independent of X,
must also be independent of X ;. This is justified rigorously
in Appendix B.

For double DisCo, we train two classifiers fpp(X,Y, Z)
and gpp(X,Y,Z) according to the double DisCo loss
function. The results are illustrated in Fig. 4. The first
classifier depends mostly on Z and the second classifier
depends mostly on X and Y. However, the residual
dependence on all three observables is not a deficit of
the training procedure: even though the three random
variables are separable into two independent subsets
(X,Y) and Z, the two classifiers learned by double DisCo

035021-8
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Sanity Check Target: recreate their plots, e.g.

: I —- """" : | — Dc')ub'Ie bis'Co ;‘DD('XO,'Xl,'XZI)
* Goal: repeat the first example in the PRL 105} | =i 3D Gaussian Double DIsCo doolXs i, X2
. . - [ .o — 2lIngie DISCO TsplA1, A2 :
paper (3D gaussian variables) ISH (R — Xo only -
g 1045 N -+ ABCD Double DisCo
— ; N — = ABCD Single DisCo
. . ) [ P "\
* (1) and (2) define the 3D gaussians < 1030\ Random
S S S —-— Fully Supervised
1/FPR S |
* (3) and (4) give the rest: 5 107
Ag 101:
* Input: Xj, X2 (DisCo target: Xo) 0
109t

NN architecture: 3 hidden layers; 128
nodes per layer; ReLU between layers; p
sigmoid output TPR

e A =1000, Adam optimizer TPR = TP/P = (true positives)/(positives)

FPR = FP/N = (false positives)/(negatives)
 2M sig, 2M bkg (batch size = 40K)

UC San Diego
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n n
2 3D Gaussians: A = 1000 DisCo
\\\ . \\ |
L = Lpcp(fsp(X1, X5), ¥)+1000 x dCorry—o(fsp(X;, X5), Xp)
1.0—m ————— —————————— 1.0—m@m8M8M ——m
Baseline . e 7 Baseline
== Single DisCo : A === Single DisCo . oL
0.8 ' 0.8 Cam T iar e
) . 3 éd oy e .':?:., v .
S A IRTE e S A
3 09 T A A SN IO et BTN ) \
I Y AL S SRR L P LW LA A icti
RS o S S I Two distinct clusters
T 0.4F IR | = 0.4 e SeSRORESNE L
02 " .’.%):.;‘ ". 4 i . 02 .'{‘;. oo .. » &
: ——— o ese ¥C 'f.:t;'s}"rfgl.:_,; o \;‘},‘. -{-;};;': e -i. ! . b To cop b, s’g’;;},fi{:&r‘;& :‘o%s
I "l . Double DisCo fpp(Xo, X1, X2) ] T R 1 e ‘?» g ¢ ) : b A ;-,,;?:‘.‘u.; a .
- : o Single Disco fsp(X1, X2) ] Xo X1
RS, : Y Xo only .
O 104} s + ABCD Double DisCo 1.0 : . . . e
2 E \, ABCD Single DisCo 5 Baseline Lo - . - -
IO Random : — Single DisCo -~ <= Single DisCo is a perfect line
- 1035 Fully Supervised 0.8 /"' ]
C i
) ! e, .
% 102' '\.',\..\.\. ;f:\l 0.67
i = Y. —
8 101} / - /
. Single Disco - ’
100 3 ’ J 02 I 3
0.0 0.2 0.4 0.6 0.8 1.0 0.0 e : | |
Signal Efficiency —4 -2 0 2 4
B s e X2

FIG. 3. Scatter plots showing the relationship (or lack thereof) between the three random variables X, X, and X, and (1) a baseline
classifier fg; (X;,X,) trained on X; and X, with no regularization, and (2) a classifier fsp(X;, X;) trained with the single DisCo loss
function that penalizes correlations with X ;. Only the background events are shown in these plots. The solid lines are the averages of the
classifiers over events with the same value of X;, X{, or X,. In the third panel, the scatter of the single DisCo classifier is already a line,
sO no average is needed.

e e

———————————SCSSTTC
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Background Rejection

3D Gaussians: A = 1000 DisCo

Z = Lpce(fspX1> X5), ¥)+ 1000 x dCorr—o(fsp(X;, X5), Xp)

My ROC curve matches v

—— Single Disco fsp(X1, X2)
Random ]
=mm PRL Single Disco (traced)

0.0 0.2 0.4 0.6 0.8 1.0

Signal Efficiency

mmm= Single Disco -
ws Baseline

¢ .

=== Single Disco , .

mmm Baseline

mmm= Single Disco

wemm Baseline

Two distinct clusters v

My plots match those in the PRL paper v
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L

N /
S

Background Rejection

:l()O i

3D Gaussians: A = 1000 DisCo

Originally, we were unable to reproduce 3D Gaussian example

Baseline avg. opposite
of that in the PRL paper

My ROC curve is different

105}
100] |
1()3-
1()2-

101-

— Single Disco fSD(X]_,Xz)
Random ]

==w  PRL Single Disco (traced)

0.0 0.2 0.4 0.6 0.8 1.0
Signal Efficiency

== Single Disco

' Baseline

=== Single Disco
' ' Baseline

1.0 ' ' R
=== Single Disco S S
* Baseline ot e
0.8 N AL
) ey
AT S .
~ 0.6} : 3%
g ‘4
X
= 04+
0.2 .
R s .
00— 22 0 2 4
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No distinct clusters

) Single DisCo not a perfect line
S (more similar to Baseline avg.)
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Fig. 3

3D Gaussians: A = 1000 DisCo

Spotted two issues (typos?) with PRL paper

10—m—™MM™™MMm @M 1.0 ; . 1.0 . .
Baseline . === Single Disco === Single Disco -
mmm= Single DisCo | ° :. .." . " mes= Baseline wees Baseline
0.8] . w.: ' e St 0.8 0.8
o e -.4... .u;:..:'c'i:.:.-... L
5 06 ., :xoi"}"ﬁ:” v, - 506 dCorr2 = dCorr 5 06
- T . v ‘.’ ,'-o. ‘f,::'J:. ;f,. o = ﬁ -
= 0.4 7o e neERETLES | VS. £ 0.4 Set p = +0.8 = 04
My,v—\ — .
0.2} Lt "'w"‘"-"p" 0.2 0.2
o s a0 P R .
Y s PV EE < gﬁ; >
0.0 >y — 6 5 4 0.0 0.0
X0 X0 Xo
PR——— — Does not match PRL Matches PRL v

dCorr2z = dCorr

E[f (X)] :‘Cclassiﬁer[f(X)9y]+’1dcor@;0[f (X),Xo], -_— /ldCorryZO[f (X)aXO]

Eq. 4.1

I =080 Set p = +0.8 I 080

ey s, =608 1 0
0 0 1 0 0 1

iy, = (0,0,0),

UC San Diego
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

L = Lpe(f(X), y)+30 x dCorr,—o( (X)), | Ang;;|)

Avg. Loss

———— Ltect = Lpce + AdCorr? ~=== LBCE = AdCorr? 10+ [—
Cirain= Lpce + AdCorr? Cace AdCorr?
- - 0.8
' O
| 0
1.2 2 0.6
1.0 = —— DisCo train (AUC = 0.96)
ol — 0.4t DisCo test (AUC = 0.95)
c Y % 5 sig (54.45 bkg)
0.6} N A v 45sig (26.13 bkg)
0.4f - : . 0.27 o A 3sig (14.67 bkg)
A a0, o ® 2sig (5.38 bkg)
02} o euinen R | A A B, 2ol 2 ai LB bkd
0.0%5 500 400 600 800 1000 0.00 025 050 0.75 1.00
Epoch Background efficiency

p . UCSan Diego
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ABCDNet: A = 30 DisCo (Leaky ReLU) [

P = Lyep(AX),y)+30 x dCorr,_o(AX), | A |)

CMS Preliminary
SR B —

138 fb-1 (13 TeV)

] |

it +H [1.6 events]
it + W [4.5 events]
it +1¢[21.8 events]

Single t [33.4 events]
B Bosons [44.7 events]

it +jets [177.4 events]

QCD [734.1 events]
(1 Total background [1017.5 event
MC unc. [stat]

. 4 Data [1205 events]

1

¢ ‘ ’

N

0.8 1.0

ABCDNet score

ABCDNet

CMS Preliminary 138 fb~1 (13 TeV)
S R

| 3
it + H [0.4 events]
tt + W [1.3 events]

i

i

) i

it +1¢[5.8 events] i

B Bosons [10.5 events] |
Single t [13.2 events] =
it +jets [48.4 events] : ]
QCD [214.7 events] 1
(] Total background [294.3 eventg] ]

MC unc. [stat] i
4 Data [281 events]

i
# Pred. MC [1.6 events] 1 A
% Pred. data [1.2 events] Il{'

i

|

j? S I

1=

0.8

—

.0

ABCDNet score
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3.5

ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.75 and Xqu > 0_70|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 079 033 300 0.05 — — C 1.26 = 0.40 (MC)
B 274 0.83 0.33 0.02 1 1.00 Apred —Bx— =
C 311.94 2819 3.30 0.05 304 17.44 D 0.39 = 0.39 (Data)
D 678.14 33.12 0.58 0.02 787 28.05

LoW sat>

Region Bkg Bkgerr Sig Sig err Data Data err

D: 26.46 3.49 0.16 0.01 33 574 od D3
D. 4622 7.62 029 0.01 40 6.32 DEI) = Dy X D, = 27.20 = 4.77 (Data) v
Ds 25812 21.92 0.05 0.01 289 17.00 4
D: 347.34 23.37 0.09 0.01 425 20.62
Region Bkg Bkgerr Sig Sig err Data Data err
C: 3560 6.15 2.88 005 30 5.48 3 CZ
Di 2646 349 016 001 33 574 (PO _p o "2 _ 3499, 6.05 (D
= = 31.29 + 6. ata) v
0.5 0.98 C. 276.34 2751 0.42 0.02 274 16.55 l 1 D4 ( )

ABCDNet Ds 258.12 21.92 0.05 0.01 289 17.00

ABCD works well with data in sidebands = method is valid!
3} UC San Diego




3.5

ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.75 and Xqu > 0_70|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 079 033 300 0.05 — — C 1.26 = 0.40 (MC)
B 274 0.83 0.33 0.02 1 1.00 Apred —Bx— =
C 311.94 2819 3.30 0.05 304 17.44 D 0.39 = 0.39 (Data)
D 678.14 33.12 0.58 0.02 787 28.05

oW sat>

Region Bkg Bkgerr Sig Sig err Data Data err

Di 1955 293 0.5 001 20  4.47 od D3
D 3622 7.30 027 001 30 548 DI_I3 = Do X— = 20.83 + 4.11 (Data) v
Ds 265.02 22.00 0.05 001 302 17.38 Dyg

Ds 357.34 23.47 0.10 0.01 435 20.86

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 2207 295 275 005 22  4.69 3 Cy
Di 1955 293 0415 001 20 447 (PCU_p. "€ _
0.6 0.98 Co 289.87 28.03 054 0.02 282 16.79 1 1 Dg 18.68 = 4.45 (Data) v

ABCDNet Ds 265.02 22.00 0.05 0.01 302 17.38

ABCD works well with data in sidebands = method is valid!
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~—  ABCDNet: A = 30 DisCo (Leaky ReLU)

Xbb > 0.75 and Xqu > 0_70|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
|An;;l A 079 033 300 005 —  — . 1.26 + 0.40 (MC)
B 274 0.83 0.33 0.02 1 1.00 Apred —Bx— =
C 311.94 2819 3.30 0.05 304 17.44 D 0.39 = 0.39 (Data)
D 67814 33.12 0.58 0.02 787 28.05

3.5

Region Bkg Bkgerr Sig Sig err Data Data err
D+ 1464 252 014 001 15 3.87 red D3
D 2741 7.06 024 0.01 22 469 DEI) = Do Xx— = 15.25 + 3.44 (Data) v

2 Ds 269.94 22.05 0.06 001 307 17.52 Dy

Ds 366.16 23.55 0.13 0.01 443 21.05

Region Bkg Bkgerr Sig Sig err Data Data err
Ci 1754 266 257 004 19  4.36 C
D1 1464 252 014 001 15 3.87 Cpred = Dy X 72 _ 13.93 + 3.77 (Data) v

0.7 0.98 C. 294.40 28.06 0.73 002 285 16.88 1 Dg R

ABCDNet Ds 269.94 22.05 0.06 0.01 307 17.52

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.62 and Xqu > 0_75|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 162 055 3.32 0.05 — — C 1.33 + 0.38 (|\/|C)
B 431 112 045 002 3 1.73 Apred —Bx— =
C 246.35 25.17 2.86 0.05 216 14.70 D 0.68 + 0.40 (Data)
D 797.78 36.54 0.60 0.02 947 30.77

oW stat>

Region Bkg Bkgerr Sig Sig err Data Data err

Di 3731 411 019 001 46 6.78 red Dq
Do 4850 7.70 0.26 001 40 6.32 Dﬁ) = Do X— = 36.53 + 6.29 (Data) v’
Ds 34653 26.31 0.06 0.01 411 20.27 Dy

Ds 36543 23.81 0.08 0.01 450 21.21

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 2314 315 245 004 20 447
D: 3731 411 019 001 46 678 cPEA_p. 2 = 21.94 + 3.75 (Data) v’
0.5 0.98 Co 22320 2497 041 002 196 1400 | 17D R

3
ABCDNet Ds 346.53 26.31 0.06 0.01 411 20.27

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.75 and Xqu > 0_70|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 079 033 300 0.05 — — C 1.26 = 0.40 (MC)
B 274 0.83 0.33 0.02 1 1.00 Apred —Bx— =
C 311.94 2819 3.30 0.05 304 17.44 D 0.39 = 0.39 (Data)
D 678.14 33.12 0.58 0.02 787 28.05

oW sat>

Region Bkg Bkgerr Sig Sig err Data Data err

Di 1955 293 0.5 001 20  4.47 od D3
D 3622 7.30 027 001 30 548 DI_I3 = Do X— = 20.83 + 4.11 (Data) v
Ds 265.02 22.00 0.05 001 302 17.38 Dyg

Ds 357.34 23.47 0.10 0.01 435 20.86

Region Bkg Bkgerr Sig Sig err Data Data err

Ci 2207 295 275 005 22  4.69 3 Cy
Di 1955 293 0415 001 20 447 (PCU_p. "€ _
0.6 0.98 Co 289.87 28.03 054 0.02 282 16.79 1 1 Dg 18.68 = 4.45 (Data) v

ABCDNet Ds 265.02 22.00 0.05 0.01 302 17.38

ABCD works well with data in sidebands = method is valid!
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ABCDNet: A = 30 DisCo (Leaky Rel.U)

Xbb > 0.75 and Xqu > 0_70|0_75 (|d|tr) Region Bkg Bkgerr Sig Sig err Data Data err
A 079 033 300 0.05 — — C 1.26 = 0.40 (MC)
B 274 0.83 0.33 0.02 1 1.00 Apred —Bx— =
C 311.94 2819 3.30 0.05 304 17.44 D 0.39 = 0.39 (Data)
D 678.14 33.12 0.58 0.02 787 28.05

Region Bkg Bkgerr Sig Sig err Data Data err

D: 14.64 252 014 001 15 3.87 od D3
D 27.41 7.06 024 001 22 469 DEI) = D2 X D, = 15.25 = 3.44 (Data) v
Ds 269.94 22.05 0.06 0.01 307 17.52 4
D: 366.16 23.55 0.13 0.01 443 21.05
Region Bkg Bkgerr Sig Sig err Data Data err
Ci 1754 266 257 004 19 4.36 3 CZ
Di 1464 252 014 001 15 38 PO _p o "2 _4393.377 D
= = 13.93 + 3. ata) v
0.7 0.98 C. ©294.40 28.06 0.73 0.02 285 16.88 l 1 D4 ( )

ABCDNet Ds 269.94 22.05 0.06 0.01 307 17.52

ABCD works well with data in sidebands = method is valid!
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0.8

0.4

ABCDNet: A = 20 Double DisCo

Xbb > 0.74 and XWqq > 0.74|0.62 (Id|tr)

Region Bkg Bkgerr Sig Sig err Data Data err

A 1.38 0.39 452 006 -— —
B 1746 263 117 0.03 13 3.61
C 4253 7.44 0.75 0.02 58 7.62

D 1273.13 49.10 1.41 0.03 1429 37.80

Region Bkg Bkgerr Sig Sig err Data Data err

B+ 285 0.67 0.66 0.02 3 1.73
B> 1461 255 051 0.02 10 3.16
D+ 18.30 6.94 039 0.02 14 3.74

D 11296 11.64 0.63 0.02 129 11.36

Region Bkg Bkgerr Sig Sig err Data Data err

D+ 1830 6.94 039 0.02 14 3.74
D 11296 11.64 0.63 0.02 129 11.36
Ds 102.61 13.37 0.12 0.01 126 11.22
Ds 1039.27 4526 0.27 0.01 1160 34.06

Region Bkg Bkgerr Sig Sig err Data Data err

C1 412 1.09 0.61 0.02 3 1.73
D+ 18.30 6.94 039 0.02 14 3.74
C2 3840 7.36 0.14 0.01 55 7.42

Ds 102.61 13.37 0.12 0.01 126 11.22

Apred — B x

Bpred _
3

Dpred _
3

Cpred .
1 —

c | 0.58+0.14 (MC)

0.53 £ 0.16 (Data)

D
Bo X D_1 = 1.09 = 0.46 (Data) ?
2
D
Do X D_j = 14.01 = 1.80 (Data) v
C
D4 XD—2 = 6.11 + 1.91 (Data) v’
3

ABCD works OK in sidebands = method maybe valid?
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pass

fail

Xbb > 0.50 and XWqq > 0.82|0.66 (Id|tr)

0.3

0.9
BDT

BDT

Region Bkg Bkgerr Sig Sig err Data Data err

A 0.81 0.28 5.05 0.06 — —

B 20.87 262 1.03 0.03 25 5.00
C 17592 2087 1.15 0.03 172 13.11
D 1070.0 44.43 0.32 0.02 1190 34.50

Region Bkg Bkgerr Sig Sig err Data Data err

A 081 028 505 006 —  —
B 2087 262 103 003 25 500 APred_
Ci+ 1972 7.16 1.01 003 19 436
Di 1367 13.42 025 001 142 11.92

Region Bkg Bkgerr Sig Sig err Data Data err

C1 19.72 716 1.01 0.03 19 4.36

Di 13669 1342 025 0.01 142 11.92 Cpred=

C. 156.20 19.61 0.13 0.01 153 12.37 1
D> 933.30 42.35 0.0/ 0.01 1048 32.37

Apred _

c | 3.43+0.61 (MC)

BXxX— =
3.61 £ 0.78 (Data)
v
C+ 3.01 = 1.19 (MC)
B x D_ =
1 3.35 + 1.06 (Data)
Co
D1 X D_ = 20.73 = 2.50 (Data) v
3

ABCD works well in sidebands, but predicted S/{/B is worse than ABCDNet
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